Abstract. The 52-color asteroid survey (Bell et al., 1988) together with the 8-color asteroid survey (Zellner et al., 1985) provide a data set of asteroid spectra spanning 0.3-2.5 pm. An artificial neural network clusters these asteroid spectra based on their similarity to each other. We have also trained the neural network with a categorization learning output layer in a supervised mode to associate the established clusters with taxonomic classes. Results of our classification agree with Tholen's classification based on the 8-color data alone. When extending the spectral range using the 52-color survey data, we find that some modification of the Tholen classes is indicated to produce a cleaner, self-consistent set of taxonomic classes. After supervised training using our modified classes, the network correctly classifies both the training examples, and additional spectra into the correct class with an average of 90% accuracy. Our classification supports the separation of the K class from the S class, as suggested by Bell et al. (1987), based on the near-infrared spectrum. We define two end-member subclasses which seem to have compositional significance within the S class: the So class, which is olivine-rich and red, and the Sp class, which is pyroxene-rich and less red. The remaining S-class asteroids have intermediate compositions of both olivine and pyroxene and moderately red continua. The network clustering suggests some additional structure within the E-, M-, and P-class asteroids, even in the absence of albedo information, which is the only discriminant between these in the Tholen classification. New relationships are seen between the C class and related G, B, and F classes. However, in both cases, the number of spectra is too small to interpret or determine the significance of these separations.
Introduction
The first step to understanding the relationships within a group of diverse objects is to classify them according to their physical characteristics. Many researchers have classified asteroids based on various criteria. Tholen and Barucci [1989] have recently presented a comprehensive review of the various taxonomies that have been put forth. These taxonomies are all based on similarities in the reflectance spectra and in some cases the albedos of the objects. The spectrum is related to the surface composition, so any taxonomy based on these data is at least in some way related to the surface composition of the asteroid. However, many asteroid spectra do not have unique compositional interpretations.
What is striking about the many different systems of classification is not so much the differences, but the similarities. The same general groupings appear regardless of the parameterization chosen. These similarities tion band centered in the ultraviolet (UV). This band has been linked to the hydration state of the surface minerals on asteroids, with increased oxidation of iron being related to the presence of water at some time in the asteroid's history [Feierberg et al., 1985 Tholen did not include the asteroid albedo in defining his clusters, since scaling the albedo appropriately to balance the range of color data proved difficult. After the clusters were determined, the available albedos were used to check for internal consistency within a class. The E, M, and P asteroids are spectrally indistinguishable, but have widely different albedos. Similarly, the B-and C-type asteroids are not spectrally well separated, but do have different albedos. However, the albedos of many asteroids are either unknown or highly uncertain, and so limit the size of the database defining the taxonomy. For this reason, we have followed Tholen's method of using only the spectral data, even though the albedo clearly contains compositionally valuable information.
Although he did not do a formal classification using the additional spectral information provided by the 52-color survey, Bell noticed that the Eos family asteroids (a-3.0 AU) seemed to be anomalous among the S class.
These objects show much less reddening in the continuum from 1 to 2.5 /•m, and he suggested a separate K class for these objects Bell, 1988] . Burbine [1991] performed a principal components transformation using the 52-color survey data combined with the 8-color data. He found five significant principal components. The first is correlated with the overall slope of the spectrum. The second is correlated with the depth of the 1-/•m absorption band, consistent with the first two principal components in the 8-color analysis [Tholen, 1984] . The third is correlated with the depths of both the 1-and 2-/•m absorption bands for most objects, separating olivine-rich objects from pyroxene-rich objects. The fourth and fifth do not have a clear interpretation, but each contain only 2.2% of the total variance. He found that the Tholen groups remained distinct, and did not change or augment that taxonomy. However, it is important to note that Burbine did not do an independent classification, but only tried the Tholen groupings and found them adequate. He used only 66 of the highest quality spectra for his principal component analysis, and did not have all taxonomic classes represented.
The majority of the 52-color survey asteroids are S class. There is considerable diversity in the spectral appearance of these objects, especially between 0.8 and 2.5/•m. However, in the visual range there is also great diversity, and many workers have suggested that subdivisions among the S-type asteroids may be appropriate. Chapman [1987] suggested a division into several groups based on the U-B and B-V colors. These were not selected as natural divisions among the objects, but as convenient, unambiguous divisions of the group into seven subgroups. Gaffey et al. [1993] parameterized the spectra using the pyroxene band positions and depths to measure pyroxene composition and olivine/pyroxene ratio.
These measures were correlated with meteorite compositions in an attempt to determine which asteroids might be likely parent bodies of ordinary chondrites. Barucci et al. [1987] combined the 8-color photometry and IRAS albedos and classified 438 asteroids using G-mode analysis. They obtain four subclasses of Tholen's S-type asteroids, though the majority of the objects are of the first or SO class. We compare our division of the S-type asteroids with these other groupings in a later section.
The Data
The data upon which most asteroid classification systems have been based are reflectance spectra. The two surveys which we have used, the 8-color survey and the 52-color survey, have been described in detail by Zellher et al. [1985] and Bell et al. [1988] , respectively. We will briefly summarize these data here, and describe the modifications that were made before entering these data into the neural network. The 52-color spectra were taken in two sections with different spectral sampling. For convenience, we resampied these data at a uniform spacing throughout the spectral range. Seventeen asteroids did not have 8-color photomerry available, but 12 of those had UBV photometry reported [Tedesco, 1989] , and Tholen classifications [Tholen, 1989] . Using solar colors from Hardorp [1980] , we converted these data to reflectance, and used a cubic spline to produce 0.34-to 0.8-/•m data consistent with the other objects for which 8-color photometry was available. The interpolations were checked carefully to guard against artifacts produced by the cubic spline. We used 65 points from 0.34 to 2.57 •um, spaced at 0.035 •um, as the input data to the neural network. Hence we will refer to these modified spectra as the 65-color spectra. Gaps due to telluric water absorption at 1.4 and 1.9 •um are also closed in this manner. Since the spline sampling is comparable to the original spectral resolution of the data in most of the range, the noise variability is reproduced by the spline with only minimal smoothing. The errors are not explicitly used by the neural network. A classification using only the 52-color data in its original form showed little difference from the version based on resampled data, giving confidence that this treatment did not affect the results.
During the 52-color survey, several asteroids were observed on two or more different nights. These spectra were examined individually, and in those cases where the spectra were nearly identical, they were averaged to improve the signal-to-noise ratio. When the spectra were sufficiently different, they were not averaged, and two versions were retained. We define significantly different as point to point differences of more than two sigma for three or more adjacent points. Two spectra of 367 Amicitia showed significant variation, but since no visible data were available for this object, it was not included in either classification. There were four separate spectra of 43 Ariadne with two distinct shapes. Each pair was averaged, but the two differently shaped spectra were retained. Altogether, 20 objects were observed on two or more nights, and six of those showed spectral variation. These differences may be due to surface inhomogeneity, but could also be due to lightcurve variations during the time necessary to obtain the spectrum.
Other sources of observational or instrumental errors are also possible, though we feel they are less likely. Additional observations of these asteroids would be especially valuable to resolve this issue.
Artificial Neural Networks
The human eye and brain are extremely efficient at pattern recognition compared to traditional image processing algorithms. Ideally, to classify groups of spectra into generalized groups, we would like to look at and evaluate each example. However, as databases get large, this is not a practical technique, nor are we able to be unbiased in our view of the data. We tend to see the features we can interpret as dominating the spectrum, and to ignore those features which we cannot in- In supervised training, ANNs learn to derive the characteristics of a group of spectra (a class) from a subset of that group for which the class memberships (the class labels) are known. The collection of such subsets for all classes is the training set, and the spectra in this set are called the training spectra. These patterns are presented many times to the network along with their known class labels. For a given pattern, the network compares its own actual output with the known class label (this latter is the "desired output" in neural net terminology). Based on the difference between the actual and desired output, the weights throughout the entire network are then adjusted so that next time the actual output more closely approximates the desired output (the correct class label) for this pattern. The adjustment procedure is prescribed by the so-called learning rule. If the training samples are consistent, the training will converge after some number of iterations, i.e., the weights will no longer change significantly. At this point, the network is trained, which means that it will give the correct label for the training patterns, and it can make predictions for patterns that were not included in the training set. An inconsistent set of training samples can prevent convergence of the training. In some cases, the network may be able to learn inconsistent labels, but then it will not be able to make good predictions for unknown patterns based on that knowledge. ANNs are proven to be more robust and less sensi- In the application of this ANN paradigm to asteroid classification, we assumed the Tholen [1989] classes were a good first estimate of the class membership of most asteroids. The network is initially trained using all of the spectra with their Tholen class labels. Later, subsets of the available data are used, with some examples set aside as "unknowns" to check the network's ability to generalize from the examples it has seen. These jackknifing tests are described in more detail in a later section. We turned to the examination of the Kohonen map when the network had difficulty learning the membership of certain objects. It is important to emphasize that the cluster structure is defined by the data in the unsupervised training phase and is not changed in the supervised phase. The network only learns to assign class labels to previously defined areas of the cluster structure during training. If the labels it is taught are too sparse or contradictory, it will not learn to identify the class, and/or it will misclassify patterns which were not included in the training set.
Results and Discussion
The 8-Color Classification
We used the neural network to classify asteroids first using.the 8-color spectra alone, and then combining the 8-color and 52-color surveys into a 65-color resampled spectrum. We first make a direct comparison of our classification and Tholen's.
The two are based on the same data, although we used a larger subset of the 8-color data for our classification, including some lower signal-to-noise spectra. Even though the two classification techniques are very different, the similarity measures are the same. Although the cluster structure is determined differently, we obtain very similar results, giving us confidence in the technique. We then apply the neural network technique to the additional spectral information in the 65-color spectra. We discuss the classification results, and present suggestions for modifications to the Tholen taxonomic system. The Kohonen SOM in Figure 5a shows the cluster structure determined from the neural network, using only the 8-color data. 
Barucci et al. [1987] subdivided the S-class asteroids
based on spectral shape differences in the 8-color spectra. They designate their classes S0-S3, with most of the objects falling in the primary or SO class. This group includes the K-class objects. Three of our So objects are classed as S2 in the Barucci system. These objects have a steeper slope in the UV region than the main SO group, but are otherwise indistinguishable. Asteroid 115 Thyra, at 17, is the only example of the S1 group in the 65-color data. We classify this object as Sp, but it has an unusual blue spectral slope between 1.5 and 2.5 ium. Barucci's S1 asteroids are characterized by the lowest overall spectral slope, but the slope from 0.3 to 1.1 /•m may not be a good general predictor of slope Bearing in mind that the errors are large in calculating band area ratio, we eliminated the points for which the errors are especially large, that is, greater than 1.5 times the median error. For clarity, we also removed those points corresponding to spectra for which there seem to be large spectral variations between observations made on different nights (connected pairs of points in Figure 6c ). These asteroids may be unusual in that they are especially inhomogeneous or perhaps lightcurve or other systematic errors affect the spectra. The remaining points are shown in Figure 6d , and the new median error bar is illustrated in the upper right.
Note that the y-axis error bar is the calculated 1-rr error. Figure 7a shows the separation of these groups; however, we have combined groups I and II, as well as VI and VII due to the small number of objects. We tried training the network to learn the Gaffey et al. groups, but did not achieve a high learning rate. Figure 7b shows that, upon com- Near-infrared spectra of these objects would determine their subclass membership. To investigate further implications for the So, S, and Sp asteroid classes, we examine the orbital characteristics of these objects. The semimajor axis is plotted against albedo for these objects in Figure 9 . The albedos are taken from J. C. Gradie and E. F. Tedesco (unpublished data, 1988) when available, otherwise IRAS albedos [Tedesco, 1989] inner asteroid belt. It has been suggested that this may be an artifact of the tendency to observe closer objects at higher phase angles, and thus the continuum slope would systematically appear more red. Since none of these data has been corrected for phase reddening, we checked the observational circumstances for possible phase effects. Figure 10 shows that there was no difference in the range of observed phase angle for the So, S, and Sp groups. There is no correlation between the redness of the observed continuum slope and high observational phase angle. We conclude that for these data, this effect is small. These groupings showed no clear is, the ANN produces a 98.5% correct learning rate for these class memberships. By "correct" we mean that the neural network correctly reproduces the label it was taught for 98.5% of the spectra in the training set. The ANN has a 90% average prediction rate for unknown patterns, that is, patterns omitted from the training set. The prediction capabilities of the network were tested by "jackknifing." This procedure is common when the number of patterns is too small to partition them into a reliable training material and a representative test set. Instead, a smaller than desirable number is set aside for testing. After the network is trained with the complementary data that are still believed to be representative, its predictions for the test cases are recorded. This process is repeated with several different test set selections until enough patterns participated in the tests to draw conclusions. In our case, the 65-color data set had only 117 spectra in our 15 modified classes which, as seen from Figure 11 , are rather unevenly represented. The three single object classes (B, R, and V)
were not put to test. However, these asteroid spectra participated in the network training so that any test spectrum could be predicted as one of these types. We randomly selected two objects from each of the So, S, 
65-Color

Summary and Conclusions
We classified combined 8-and 52-color asteroid reflectance spectra with a Kohonen-type artificial neural network. Although the method is very different from that used by Tholen to determine his now widely used taxonomic system, our results are generally consistent with Tholen's taxonomy when based on a similar data set. We extend the spectral range of the data to include the near infrared, and introduce our classification, augmenting the Tholen taxonomy: some classes are rearranged, and certain objects are assigned class labels different from Tholen's. Two compositionally meaningful subclasses are defined within the S asteroids. We define So as olivine-rich, red asteroids, and Sp as olivine-poor, less red objects. This classification is self-consistent to a high degree, i.e., the neural network trained with our modified class labels produces 98% learning success, and a 90% average prediction rate for unseen patterns.
We find some evidence to suggest the C class and related G, B, and F classes show different clusterings with the extended spectral coverage. One such rearrangement is presented, although the compositional interpretation is not clear. The number of samples of these objects is small, and more observations are required to clarify these groupings. Similarly, the X asteroids, that is, the E, M, and P classes, exhibit clusters within the group that are not related to albedo, but the number of objects is currently too small to interpret the meaning of these groups.
The neural network approach used here is powerful in clustering and classifying high-dimensional spectral data. Since artificial neural networks are well suited to combine data of disparate natures, we may be able to Classifications of objects which differ from their original Tholen class, unusual objects and special cases. In cases where no class is reported, the object did not have the appropriate observations to include it in that classification. For example, some objects that were not observed in the 8-color survey did have UBV colors, and so were included in the 65-color classification. (1) suggests that the spectrum was contaminated by a red star during the 8-color survey observations. This object was not omitted from the analysis, since it illustrates a case where training the network with an inconsistent label did not affect its ability to correctly classify the spectral shape. Although this object was labeled S, the network repeatedly classified it as D based on spectral appearance. This object needs to be observed again in visible and near-infrared wavelengths. (7) 221 Eos shows an affinity to the Cv and P types in the 65-color classification, but its IRAS albedo of 0.13 is not consistent with these classes. Its family membership is consistent with a K classification. (8) 258 Tyche was observed on two separate occaisons. One of these spectra classified as S, the other as Sp. This object seems to be inhomogeneous. 
